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Abstract: 
Mangrove forests grow in the estuaries of 124 tropical countries around the world. Because in-situ 
monitoring of mangroves is difficult and time-consuming, remote sensing technologies are commonly used 
to monitor these ecosystems. Landsat satellites have provided regular and systematic images of mangrove 
ecosystems for over 30 years, yet researchers often cite budget and infrastructure constraints to justify the 
underuse this resource. Since 2001, over 50 studies have used Landsat or ASTER imagery for mangrove 
monitoring, and most focus on the spatial extent of mangroves, rarely using more than five images. Even 
after the Landsat archive was made free for public use, few studies used more than five images, despite the 
clear advantages of using more images (e.g. lower signal-to-noise ratios). The main argument of this paper is 
that, with freely available imagery and high performance computing facilities around the world, it is up to 
researchers to acquire the necessary programming skills to use these resources. Programming skills allow 
researchers to automate repetitive and time-consuming tasks, such as image acquisition and processing, 
consequently reducing up to 60% of the time dedicated to these activities. These skills also help scientists to 
review and re-use algorithms, hence making mangrove research more agile. This paper contributes to the 
debate on why scientists need to learn to program, not only to challenge prevailing approaches to mangrove 




Long-term monitoring, mangroves, tides, automation, Landsat, ASTER, programming, remote sensing. 
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1. Introduction:  recalling the importance of mangroves 
Mangroves are groups of trees, palms and shrubs that grow in the estuarine margins of 124 countries around 
the world (Duke et al., 2006; FAO, 2007), and cover between 150,000 and 188,000 km2 (Barbier, 2015; 
Costanza et al., 2014). Inhabitants of mangrove forests include the Royal Bengal tiger (Panthera tigris tigris), 
crocodiles and myriad birds, reptiles, amphibians, crustaceans and, of course, humans. With so many species 
depending on mangrove forests, it is important to know how humans alter and use these ecosystems. 
Humans use mangroves in direct (e.g.. building materials, food and medicinal purposes) and indirect ways 
(e.g. carbon sequestration, protection from extreme weather events, fish nurseries and land building) 
(Barbier, 2015; Donato et al., 2011; Kainuma et al., 2010; Lee et al., 2014). These uses and services make 
mangroves worth up to $194,000 ha-1 yr-1 (Costanza et al., 2014). Despite the importance of these forests, 
best (and most recent) estimates declare that between 1980 and 2001 global areas of mangroves declined 
30-50%, and 16% of mangrove species may be facing extinction (Donato et al., 2011; Duncan et al., 2016; 
FAO, 2007). Furthermore, sea level rise is expected to submerge entire forests by 2115 (Lovelock et al., 2015), 
which only increases the need for better management and monitoring strategies.  
In-situ mangrove monitoring is a challenging task. Because these ecosystems are hard to access, surveying 
can be costly and time-consuming, but in-situ monitoring is still regarded as an important source of 
information (see e.g. Moritz-Zimmermann et al. (2002)). Remotely sensed data provides a complementary 
source of information and is increasingly being used as such. For example, Lee et al. (2014) found that the 
Web of Science had more than 8000 indexed studies on mangroves and most of them used some sort of 
remotely sensed data. Their study also highlights how mangrove research is shifting from fine-scale projects 
(i.e. in-situ monitoring) to continental and global scale analysis. It is in the latter where remote sensing tools 
are most useful (see Section 2).    
Earth observation satellites are excellent remote sensing tools for mangrove monitoring. They consistently i) 
gather information over large areas, ii) revisit places on a monthly, weekly, or sometimes even daily basis, 
and iii) use visible and non-visible sections of the electromagnetic spectrum to make quantitative 
measurements of light interactions with surface features (Chuvieco and Huete, 2010; Yang et al., 2017). 
Satellites also provide information and insight on spatial extent (e.g. land cover change), distribution (e.g. 
species), and temporal changes of mangrove forests (e.g. phenology). The collection of this information over 
decades is what makes satellites an invaluable tool for mangrove monitoring. 
Today, more than 300 earth observation satellites from more than 15 countries are operational (Union of 
Concerned Scientists, 2017). Such satellites are operated by state agencies or private companies and, while 
many operators provide data at commercial rates, some offer their datasets free-of-charge. For example, the 
MODIS (Moderate Resolution Imaging Spectroradiometer) and AVHRR (Advanced Very High Resolution 
Radiometer) archives have been publicly available since 2001 and 1978 respectively. Although these sensors 
have a high spectral resolution, their spatial resolution (500m and 1.1km respectively) makes them less 
suitable for mangrove monitoring. In contrast, the Sentinel 2 sensor has a 10 x 10m spatial resolution in the 
visible and Near Infra-Red (NIR) spectral bands. Despite being publicly available since the instrument was 
operational in 2015, no peer-reviewed studies to date have used Sentinel 2 imagery for mangrove research. 
This review, however, will focus on the Landsat (free since 2008) and ASTER archives (Advanced Spaceborne 
Thermal Emission and Reflection Radiometer, free since 2016). While some studies have used higher spatial 
or spectral resolution images for mangrove research (see e.g. Heenkenda et al. 2015; Koedsin and Vaiphasa 
2013; Kamal and Phinn 2011), imagery from Landsat and ASTER is still widely used for three main reasons: 1) 
their worldwide coverage, 2) their archives go back to the 1980’s and 1990’s respectively, and 3) data is freely 
available to the public (Wulder et al., 2016). 
Since 2000, more than 50 peer-reviewed articles have used Landsat or ASTER imagery to monitor mangroves 
around the world. Of these, 52% focused on just five countries (Australia, Malaysia, China, Madagascar and 
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Mexico), while only 3% had global extent (see Table 2). The remainder of the studies focused on 19 other 
countries. Figure 1 shows the countries and territories where mangrove research has been done using freely 
available imagery from Landsat and ASTER. Only 22 countries have used freely available imagery, indicating 
that researchers are not taking advantage of this resource. Some of the reasons for this may include: lack of 
knowledge about the availability of satellite imagery, lack of interest in mangrove ecosystems, financial or 
data accessibility constraints and limited skills or infrastructure. 
 
Figure 1: Number of studies per country that used Landsat imagery (2000-2016).  Approximately 65% of the studies focused on 
mangroves in developing countries. Global distribution of mangroves source: Giri et al. (2013a).  
 
This review does not intend to update the results presented by Heumann (2011) or Kuenzer and Bluemel 
(2011); they provide insightful reviews of methods and sensors commonly used in mangrove research. Here 
we intend to challenge scientists to take advantage of all available imagery, processing facilities and datasets. 
This will result in examining more complex questions (e.g. seasonal and yearly changes, impacts of climate 
change and sea level rise), instead of focusing primarily on spatial extent.  
Changes in the spatial extent of mangroves fail to represent other processes occurring in the ecosystem. 
Therefore, it is important to combine this information with biophysical variables such as forest density, leaf 
area index and chlorophyll content to gain a better understanding of how the ecosystem reacts to 
environmental pressures. Shifting the focus from purely spatial variables to an integrated view of the 
ecosystem requires additional information. This information may include meteorological, biophysical, field 
and citizen-collected data in various formats, resolutions and scales. Cleaning, compiling, processing and 
analysing larger datasets requires more processing power than ever before. Nowadays there are resources 
available to make this happen such as freely available imagery, enhanced storage and processing facilities 
(see section 3.3).  
This review aims to: i) understand how researchers are currently using freely available imagery (mainly 
Landsat and ASTER) to study mangrove forests; ii) explore how long-term monitoring adds to our 
understanding of mangrove ecosystems; and iii) emphasize the need for scientists to acquire programming 
skills. To do this, we will revisit some of the questions being addressed and the time scales used to measure 
spatiotemporal changes. Next we examine the differences between high and low temporal resolution data, 
and suggest novel ways to process more information in less time. We then discuss how task automation 
needs to be incorporated into image processing and analysis and why researchers need to acquire 
programming skills to move mangrove research forward.     
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2. What are we looking at? 
Mapping the natural extent of mangrove forests is required to quantify the services they provide as carbon 
sinks, fish nurseries and coastal protection (Danielsen et al., 2005; Donato et al., 2011; Lee et al., 2014). 
Extent mapping is also needed to analyse the threats mangroves face from climate change, deforestation 
and land use change (Alongi, 2008; Duke et al., 2007; FAO, 2007). Nowadays, most maps of mangrove forests 
are derived from remotely sensed information and are used to represent changes in extent and land cover; 
examples of this are discussed below.  
The vast majority of studies use remote sensing technologies to identify mangrove forests and measure their 
spatial extent. Many methodologies have been developed to discriminate mangrove from non-mangrove 
vegetation. Chuvieco and Huete (2010) and Lillesand et al. (2015) are only two of the many sources of 
information that describe how these methodologies work and when they should be applied. This raises the 
question: do we really need more methods for discriminating mangroves from other land covers? Or is it time 
to change the scope of research? 
 
2.1 Mangroves extent and distribution  
In New Zealand, Gao (1999) analysed the distribution of mangroves using SPOT XS, and Landsat TM (TM) 
images. He found that, despite the coarser spatial resolution, TM images resulted in a more accurate 
differentiation of mangroves from other land covers. This was attributed to the better spectral resolution of 
TM images compared to SPOT XS. In 2003, Saito et al., compared SPOT-4 and ASTER imagery of the United 
Arab Emirates to map mangrove forests. In this case, neither satellite proved better than the other one for 
delineating the extent mangrove forests, mainly due to their high spectral resolution. In China, Jia et al. (2014) 
used 25 Landsat images to map mangroves at the country scale. Their main objective was to update the areas 
presented by a 2001 study. However, they did not explain the methods of the 2001 study and only compared 
the areal extent of mangrove forests. The aforementioned studies indicate possible drivers of mangrove loss, 
but failed to analyse or provide further information on such drivers or the reasons behind the changes in 
mangrove distribution.  
Some even more ambitious studies include species discrimination and species zonation. For example, Abdul 
Aziz et al., (2015) used Landsat imagery to successfully discriminate young and mature Rizophora and 
Avicennia-Sonnmeratia forests in Malaysia. They used supervised and unsupervised classification methods, 
followed by segmentation of the spectral signatures of the different mangrove groups to accomplish this. In 
other ecosystems, using satellite images for genus identification has proven a challenging task (see e.g. Lu et 
al. (2004)). In mangrove communities this process is aided by contextual information based on their 
distribution along estuaries and the tidal profile that leads to well-known zonation between genera (Duke et 
al., 2006). 
Remote sensing has also been combined with other techniques to determine how mangroves change their 
distribution when their environment changes. The case presented by França et al., (2012) shows how Landsat 
imagery, paired with sediment cores and pollen analysis, can provide evidence of mangrove encroachment 
when the environmental conditions change. However, the authors used a single image of the Marajó Island 
to map the extent of mangroves, which limits the information extracted. To test how sand migration affects 
the mangrove ecosystem the authors could have used several Landsat or ASTER images to analyse how this 
process has altered mangrove habitats. With enough images, they could have created a model relating 
mangrove habitat to the island erosion and accretion rates to further test their hypothesis. These are just a 
few examples of how remote sensing technologies aid in measuring the spatial extent of mangroves. While 
methods vary, the result is the same: an impression of the state of the land surface at a given point in time. 
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Conversely, the usage of two or more images of the same area results in the ability to identify changes in the 
landscape.  
 
2.2 Thematic and biophysical variables 
Identifying changes in the landscape is an important aspect of mangrove research. By using two or more 
remotely sensed images from different years, it is possible to identify changes in thematic and biophysical 
variables. These variables may be categorical or continuous and can be measured directly (e.g. land cover) or 
through a proxy (e.g. spectral indices). An example of how a biophysical variable may be related to a spectral 
index is presented by Jean-Baptiste and Jensen (2006). They used ASTER imagery to correlate in-situ 
measurements of canopy closure and leaf area index (LAI) with the Normalized Difference Vegetation Index 
(NDVI) and the Soil Adjusted Vegetation Index (SAVI). The authors found that both biophysical variables were 
highly correlated with the spectral indices. The main drawback of this study is the use of a single image. This 
provides limited results and fails to demonstrate if established relationship with the spectral indices holds 
true over space or time. By using additional images, their relationships between spectral indices and 
biophysical variables may have been tested on different dates or study sites.  
Raha et al. (2012), on the other hand, used six remotely sensed images to directly measure shoreline 
configuration (i.e. a thematic variable) in the Sundarbans. They found that the above-ground mangroves 
biomass is related to the accretion and erosion of the islands in the region. By using six satellite images, they 
were able to demonstrate how mangrove forests are transformed over time and the impacts this has on the 
ecosystem. Almost every mangrove forest around the world has been transformed in some way or another, 
and identifying these changes plays an important role in mangrove research.  
 
2.3 Change detection 
The ability to detect changes in the landscape depends mainly on the area affected and the resolution of the 
sensor being used. When using moderate spatial resolution sensors such as Landsat or ASTER, widespread 
events (e.g. defoliation) are often evident, while localized changes and are difficult to detect. In eastern Africa 
for example, Ferreira et al., (2009) found that selective cutting and logging in the Kenya-Mozambique border 
cannot be detected at the pixel level using Landsat imagery due to its resolution (30 x 30 m). Importantly, 
the authors used methods aimed at detecting land cover changes (i.e. unsupervised classification), although 
sub-pixel analysis may have yielded a different result. Despite this, they did manage to quantify gains and 
losses when comparing images from 1995 and 2005. The losses were mostly attributed to the construction 
of aquaculture ponds and urban expansion, which are often bigger than a pixel and have different spectral 
signatures to mangroves. 
Aquaculture expansion and coastal development are a threat to mangrove forests. Chen et al., (2013) and 
Béland et al., (2006) assessed land cover changes in Honduras and Vietnam using satellite images from the 
1980s, 1990s and 2000s for their assessments. Not surprisingly, both studies correlated aquaculture 
expansion with mangrove loss. Despite this, some limitations need to be mentioned:  i) both studies used 
images taken more than six years apart, resulting in high uncertainty and limited ability to identify other 
sources for land cover change; ii) the influence of extreme weather events (e.g. hurricane Mitch in 1998 and 
typhoon Linda in 1997) is overlooked as a source of mangroves loss; and iii) patches of mangrove forests may 
have been concealed by the tidal height, or water in the ponds, which adds to the overall uncertainty in the 
results of these studies. The examples presented in this section show how mangrove research has been 
conducted thus far: focusing in the extent of mangroves and overlooking other physical variables that may 
influence the extent of the forests shown in satellite images. 
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In general, there is an abundance of studies that focus on mapping mangroves forest extent (for excellent 
reviews refer to Kuenzer et al. (2011) and Heumann (2011)). To map and discriminate mangroves, several 
image classification methodologies have been developed (e.g. object-based, pixel based, artificial neural 
networks). However, most studies focus on the spatial extent of mangroves, and only the location between 
studies seems to change. Giri et al. (2013a) and Spalding et al. (1997) have already mapped mangroves on a 
planetary scale, and we should leverage this information to contribute to mangrove research. Examples of 
knowledge gaps include: i) the identification of phenological changes that have occurred over past decades 
in mangrove ecosystems; and ii) how resilient are mangrove ecosystems today, compared to 30 years ago. 
But more importantly, we still need to determine if the tidal height, at the time of image acquisition, affects 
the spectral signature of mangroves. The latter is important because areas of mangrove forests may have 
been routinely underestimated due to the proportion of water in a pixel may influence how it is classified 
(see Section 2.4). Furthermore, we need to determine if the spectral bands commonly used to identify 
mangroves (e.g. NIR) are affected by water in the background, and the magnitude of these effects.  
 
2.4 Data gaps and future research 
Mangrove studies cover a wide range of topics that certainly need to be addressed; most focus their attention 
on changes in area, land use and land cover. However, the influence of water under the canopy (i.e. tidal 
height) and how it alters the spectral signature of mangroves has yet to be fully studied. Some evidence 
suggests that the tidal height at the time the satellite images were taken might influence mangrove 
classification (Adam et al., 2010; Clement E Akumu et al., 2010; Giri et al., 2007). If the spectral signature of 
mangroves indeed changes with the tidal height, mangrove classification methods and current estimates of 
mangrove areas would have to be revised.  
To understand why this happens, we have to look into the structure of the leaves and the forest. Firstly, in 
the cellular structure of the leaves, the mesophyll cell layer and its internal cavities scatter the incidental light 
and reflect the 700 – 1100 nanometre region of the spectrum (i.e. the NIR region; Chuvieco and Huete, 2010). 
Secondly, from the viewpoint of a satellite, the forest structure is comprised of groups and stacks of leaves 
that form the canopies of trees. When leaves are stacked they reduce the backscatter of light and contribute 
to the overall reflected radiation; in other words, the denser the canopy, the more reflected light. In contrast, 
single leaves allow approximately 40% of the incident radiation to be transmitted through their structure and 
into the background (See, Figure 2, Dawson et al., 1998). Water is known to absorb most incident light, 
including the NIR and SWIR regions. During high tide, water floods the mangroves and the light that is 
transmitted to the background depends on the canopy density. As shown in Figure 2, when light hits a single 
leaf, some energy is reflected and some is transmitted; the latter is finally absorbed by the water. This 
scenario is common in the fringes of the forest, river margins and beaches, where canopies have a low 
density. Conversely, in places with denser canopies, leaves can stack and reflect more light. These differences 
can have a significant impact on how researchers interpret the information of a satellite image, for example 
when measuring the spatial extent of mangroves. 
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Figure 2: Interaction of electromagnetic energy with a single leaf (A) and a stack of leaves (B) (Adapted from Jong and Van der 
Meer, 2001, p. 118). The higher the number of stacked leaves, the greater the NIR and SWIR energy captured by the sensor. 
 
Evidence that tidal height and canopy density affects the spectral signature of mangroves is presented by 
Saito et al. (2003). They showed abrupt declines in the NIR and SWIR spectral bands when images of Avicennia 
mangroves were taken during high tide, when compared to low tide. Although the authors do not investigate 
this issue further, this confirms that water in the background alters the spectral signatures of mangrove 
forests. A representation of how this happens is shown in Figure 3.  
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Figure 3: Conceptual figure of mangroves at high and low tides. Panel A) simulates a Landsat pixel of a mangrove forests during 
high tide. Here, the water in the background absorbs the NIR and the forest canopy reflects it lowering the reflectance of the pixel in 
all wavelengths. Panel B) simulates the same pixel during low tide; overall, more radiation is reflected in this scenario across all 
wavelengths. Panel C) compares the spectral signature of pixels A) and B) 
 
This lack of understanding about how water affects the spectral signature of mangroves is a critical gap that 
needs further research due to the impact that it may have on the overall areas classified as ‘mangroves’ (Vo 
et al., 2013). For example, Li et al. (2013), found discrepancies in surveyed and Landsat-derived areas of 
mangroves in southern China. They attribute (yet do not quantify the magnitude of) these differences to i) 
varying tidal heights in the images and during surveys; ii) errors in field measurements and iii) time gaps 
between imagery and surveys. All of these factors alter the classification of mangrove forests and highlight 
the need for a standardized way of measuring these forests, irrespective of the tidal height.  
In an attempt to address this, Zhang and Tian (2013) created a Mangrove Recognition Index that includes 
images taken at high and low tides. The authors argue that during high tides there is a sharp decline in the 
spectral reflectance of mangroves, especially in the NIR and SWIR regions. While the authors state that this 
decline is a key element in the discrimination of mangrove from non-mangrove vegetation, they offer no 
explanation as to why this phenomena happens. Although the paper uses two images to discriminate 
mangroves at high and low tide, it fails to quantitatively address the effects of tidal height for individual 
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spectral bands. The research would have been more relevant if a correction method (i.e. numerical 
relationship) for specific spectral bands had been proposed. Despite the efforts of these researchers, this 
index has yet to be independently tested and validated.   
In summary, there are many methodologies for mangrove classification, but none consider the tidal 
influences. This means that biophysical and thematic variables are likely to be affected, especially in areas 
with big tidal fluctuations. Likewise, the thematic and biophysical changes previously identified would have 
to be revised. Once we account for these variations we can apply this knowledge to identifying long term 
changes in mangrove forests, their causes and more accurate estimates of carbon stocks (Giri, 2016; Loveland 
and Dwyer, 2012).  
 
3. The need for long-term mangroves monitoring 
3.1 Bi-temporal and multi-temporal analysis 
The ability of satellites to systematically gather information of a given place over long periods of time makes 
them a valuable tool for identifying disturbances in the landscape (Loveland and Dwyer, 2012). One of the 
main uses of remotely sensed images has been bi-temporal analysis. Bi-temporal analysis uses two images 
to describe the changes in spectral or thematic characteristics of a given environment (Hansen and Loveland, 
2012). While common and simple to implement, this approach has serious limitations as it fails to describe 
stochastic (e.g. fire), cyclical (e.g. phenology) or long-term trends in the environment. Likewise, signal-to-
noise ratios, cloud coverage and shadows may affect the interpretation of the results.  
In contrast, multi-temporal analysis uses several images (often dozens) to describe not only trends in the 
environment, but also cyclical changes and feedback phenomena (Kennedy et al., 2014). This is where the 
millions of images captured by the Landsat and ASTER satellites have the potential to play a pivotal role in 
mangrove research. However, having the information available does not mean it is being used, and mangrove 
scientists are not yet fully exploiting the Landsat and ASTER archives to explore long-term changes in these 
fragile ecosystems.  
Here, we looked at 55 peer-reviewed journal articles published between 2001 and 2016 that used Landsat or 
ASTER images to map or monitor mangrove forests. Approximately 1900 satellites images were used, but 
most studies used three images 7 – 11 years apart (see Table 2 in the Supplementary information). From 
2001 to 2008, 21 studies were published and about 143 images were used, while between 2009 and 2016, 
more than 1700 images were used. Until 2008, budget constraints for image acquisition was a common 
constraint for using satellite images but, when the Landsat archive was made public a surge in their use was 
evident (Loveland and Dwyer, 2012; Wulder et al., 2012). This milestone has been fundamental for mangrove 
forest research because during and after 2008 the total number of images used to monitor these ecosystems 
increased by a factor of ten (see Figure 4).  
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Figure 4: Cumulative number of images per year.  
 
Monitoring mangrove forests, however, often focuses on the areal extent, rather than on long-term 
monitoring. After 2008 several papers had study areas larger than the footprints of a single satellite image, 
and hence required more images to cover their study sites. For example, Jia et al. (2014) used 25 images to 
map mangroves in China while Giri et al. (2011) used more than 1000 images map mangroves worldwide. 
Despite the increase in the use of satellite images, most studies still use fewer than ten images (see Figure 
5). This means that the full potential for the image archives is yet to be unlocked.  
Recently, researchers have shown interest in using high temporal resolution data to examine how different 
mangrove traits change over time. For instance, Nardin et al. (2016) and (Asbridge et al., 2016), explored 
canopy expansion dynamics, Zhang et al. (2016) focused on phenology and Li et al. (2013) on fragmentation. 
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3.2 Long-term monitoring of mangrove forests 
To assess the risk of hypertension in their patients, doctors often take several blood pressure measurements 
in a single day. Similarly, high temporal resolution data enables a better understanding of the processes 
acting on an ecosystem. Long-term monitoring should be understood as systematically observing land surface 
dynamics using temporally dense information over a set period of time (Kuenzer et al., 2015; Lindenmayer 
et al., 2012). The applications of long-term monitoring range from carbon budget modelling to estimating 
crop yields and ecosystem management. Ultimately, the goals of long-term studies should be to support 
evidence-based policy decisions, and to understand the complex relationships taking place in mangrove 
forests.  
An example of a long-term study that used high temporal resolution data of mangrove ecosystems is 
presented by Zhang et al. (2016). They used 150 Landsat images of southern Florida taken between 1985 and 
2011 to analyse how chilling events and hurricanes affected mangrove trees. They found that shorter 
mangroves suffered more damage from chilling events, while taller mangroves were subject to more damage 
from hurricanes. They concluded that mangroves can take up to seven months to reach the lowest vegetation 
condition, and up to six years to fully recover after an extreme event. The case presented by Zhang et al. 
(2016) is relevant for two main reasons: it is a long-term study, and it uses high temporal resolution data. 
The former is related to the 27-year monitoring period that incorporated not only satellite imagery, but also 
meteorological information (i.e. temperature, humidity) and extreme weather events. The temporal 
resolution refers to using more than five images per year. 
Going from two images per decade to five per year represents a paradigm shift in mangrove research. Long-
term monitoring studies will become the new norm and regular change detection studies will become 
obsolete, as more images are collected and processing capabilities increase. This is fundamental for 
mangrove forests, especially because this information can be further used to model how mangroves adapt 
to changing environmental conditions, or to value ecosystem services over time. Additionally, this opens the 
door to phenological research in mangrove forests. 
Phenology is related to seasonal cycles of fruiting, flowering, rainfall, temperature and other factors. In 
mangrove ecosystems, it has been thoroughly studied in-situ, without the use of remotely sensed data (Duke 
et al., 2006). The spatial arrangement of mangrove forests makes them ideal targets for long-term monitoring 
using remote sensors. While some species can tolerate high concentrations of salt and frequent inundations, 
others prefer upriver locations and infrequent wetting (Duke et al., 2006). Changes in the spectral signatures 
and spatial configuration (or other properties) of mangroves may reveal alterations in ecological processes 
(Kennedy et al., 2014; Lewis III et al., 2016). For example, seasonality, disturbances and recovering 
ecosystems may show cyclical, abrupt decreases and steady increases respectively in the value of a given 
property (Figure 6). If these changes are to be noted, an adequate number of observations (i.e. satellite 
images) is needed (Figure 7). The ability to detect subtle or abrupt changes in mangroves can mean the 
difference between and timely response and a massive dieback.  
  
 
Figure 6: Conceptual diagrams of different processes in mangrove forests (adapted from Kennedy et al. (2014); Lewis III et al. (2016). 
Here, a mangrove ecosystem shows (A) cyclical phenological changes, (B) an abrupt disturbance and (C) a recovering phase.  
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The real power of remotely sensed data is that it can be traced over time at the pixel level. In north-eastern 
United States, for example, Zhu and Woodcock (2014) monitored land cover changes in deciduous and 
conifer forests using 519 Landsat images over 30 years. By using approximately 519 observations per pixel, 
they established a range of values in which healthy forests should fluctuate. If an observation was outside 
the expected range, then the forest had changed. This method enabled them to pinpoint when change had 
occurred and measure the magnitude, frequency and intensity of that change. While this algorithm seems to 
be useful in detecting changes across a range of land cover classes, it has yet to be tested in mangrove forests. 
This would represent a challenge because of tidal variations and the corresponding changes in the spectral 
reflectance of mangroves. Furthermore, high numbers of false changes may arise when the algorithm 
classifies pixels as ‘mangrove’, then as ‘water’ and back to ‘mangrove’ due to changing tides.  
The algorithm developed by Zhu and Woodcock (2014) used surface reflectance values as the main input, 
but spectral indices (e.g. NDVI) or other variables may be used. This approach was shown during the 
development of the algorithm (Zhu et al., 2012). Regardless of the variable, it is evident that the number of 
observations is of critical importance, although this may require additional processing and storage facilities 
(Yuan et al., 2015). To represent the importance of time density in the data, Figure 7 illustrates how an 
insufficient number of observations may lead to incorrect interpretation of remotely sensed information.  
Here, the measured variable (i.e. pixel value) changes over time and, to detect these changes, the correct 
number of observations (i.e. satellite images) is crucial. Panels A), B), C) and D) display changes in state, 
amplitude, frequency and trend of a measured variable. Too few observations lead to incorrect 
interpretations of the variable behaviour over time; in this case, the interpretation is that there is no change 
over time. In contrast, having temporally dense information provides the researcher with a more accurate 
perspective of the range, frequency and amplitude of a variable before and after a change. Just like doctors 
assessing hypertension in patients, mangrove research could benefit from having long term, temporally 




Figure 7: Change of (A) state, (B) amplitude, (C) frequency and (D) long-term trend in a variable (i.e. pixel value). The number of 
observations (E) allows the correct identification of the processes acting in the ecosystem (conceptual diagram, adapted from Zhu 
and Woodcock (2014) and Kennedy et al. (2014)) 
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Cloud cover and shadows are well-documented challenges when using satellite images (Abrams et al., 2015; 
Kuenzer et al., 2011; Wulder et al., 2016). Researchers usually resort to cloud-free data, regardless of the 
sensor, number of images or the location but this trend is changing in favour of using pixel-by-pixel 
observations. According to Zhu and Woodcock (2014), by discarding pixels flagged as clouds or shadows, the 
remainder of the pixels are used as valid observations. This also applies to gap lines in Landsat 7 images with 
the Scan Line Corrector off (SLC-off); the gaps are treated as masked pixels. The ability to extract information 
from every image is important because SLC-off images are rarely used. By enabling the usage of SLC-off 
images, the signal-to-noise ratio is reduced, and the number of usable images rises, resulting in more usable 
information and better assessment of the ecosystem.   
Long-term monitoring of mangroves faces another challenge: spatial coverage. Sensors have collected 
different numbers of images for different geographical locations. For example, while the continental United 
States, Europe, Australia have more than 800 images in the Landsat archive, Africa, wester Asia, and Central 
America often have less than 400. The disparity of available images makes every usable pixel very valuable, 
especially when there are clouded images over mangrove forests in countries with relatively few images. To 
overcome these limitations, researchers have various tools available that may enable the use of the whole 
Landsat archive for mangrove monitoring (see e.g. Braaten et al. (2015); Frantz et al. (2015); Goodwin et al. 
(2013); Zhe Zhu and Woodcock (2014)). 
Despite our ability to use all available Landsat images, challenges remain. Selecting and validating time series 
methods and results depends on the environmental conditions of the study site as well as on the preferences 
of the researchers (Roy et al., 2015). Finally, the wealth of data required for (and generated by) long-term 
studies is often difficult to gather, store and process. Therefore, to unleash all the potential lying in the 
Landsat and ASTER archives, researchers need to take advantage of all available technology.  
 
 
3.3 Available technologies for long-term mangrove monitoring 
Most studies use images 7-11 years apart from one another (see Table 2), making it difficult to assess subtle 
or ongoing changes in mangrove ecosystems due to noise and low temporal resolution of the data (Kennedy 
et al., 2010; Zhu et al., 2012). To better understand how the ecosystem reacts to different environmental 
conditions (e.g. precipitation, temperature, nutrient loads), full use of the Landsat, ASTER and Sentinel 2 
archives is required. This implies large dataset acquisition, storage, and processing, which are the most urgent 
challenges to be addressed if long-term ecosystem monitoring is to be implemented (Yang et al., 2017). 
With all data available, the next challenge is the time and infrastructure required for image processing and 
information extraction. It is true that not all researchers have the computing power to acquire and 
manipulate the vast amounts of information that this represents (Wulder and Coops, 2014). Despite this, we 
think that long-term monitoring of mangrove forests needs to be prioritized, and thus we present some 
alternatives to overcome acquisition, storage and processing limitations:  
Google Earth Engine (GEE, https://earthengine.google.com/) is an online platform that may be used by public 
and private organizations to store, process and make visualizations of large geospatial datasets. Users can 
upload their own images and algorithms, but GEE also features its own database of earth imagery (e.g. 
Landsat), processed data (e.g. Digital Elevation Models), climate, and demographic datasets (Google, 2015). 
All datasets and algorithms are available for approved users. While access to GEE is free, every application 
goes through an evaluation process and not every application is accepted. This may be due to high demand 
for free processing capabilities or because GEE requires research to be at a global scale. Examples of the 
capabilities of GEE include mapping the expansion of oil palm plantations (Lee et al., 2016) and urban 
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settlements (Patel et al., 2015) and quantifying changes in the world’s forests (Hansen et al., 2013). In 
mangrove research, (Giri et al., 2015) used the GEE to assess mangrove changes in Pakistan, India and 
Bangladesh between 1973 and 2011, but we have yet to see more uses of this platform.  
Amazon Web Services (AWS, https://aws.amazon.com/) and Microsoft Azure (MA, 
https://azure.microsoft.com/) provide storage, processing and visualization capabilities in paid and free 
subscription schemes. Both services provide access to ESRI ArcGIS, provided that the user already has an 
active licence to run said program. ESRI has its own cloud processing platform (ArcGIS Online, 
https://www.arcgis.com/) that allows users to upload, process and share geospatial information using their 
proprietary software.   
In contrast to the previous examples, the Australian Geoscience Data Cube (AGDC, 
http://www.datacube.org.au/) and NASA Earth Exchange (NEX, https://nex.nasa.gov/nex/) are not led by 
private organizations. They are government-led initiatives that provide scientists with geospatial information, 
algorithms and High Performance Computing (HPC) capabilities. The AGDC is hosted at the National 
Computing Infrastructure facility at the Australian National University (Lewis et al., 2016), and provides 
specialty imaging and visualization tools to its users (NCI, 2015). Likewise, the NEX platform also offers 
supercomputing facilities, data, algorithms and downscaled climate models to its users. Although the NEX is 
restricted to researchers and institutions affiliated with NASA, users can take advantage of NASA’s datasets, 
processing algorithms and HPC facilities. 
A comparison between services is presented in Table 1, but these are just a few examples. We encourage 
readers to look also at EarthCube (https://earthcube.org/), UCAR Unidata (http://www.unidata.ucar.edu/), 
European Space Agency (ESA) Grid Processing on Demand (G-POD) for Earth Observation Applications 
(http://gpod.eo.esa.int/) and EarthServer (http://earthserver.eu/), all of which provide varying cloud 
computing services for geospatial analysis. There is also one free tool specifically developed for Time Series 
visualization: NASA’s GIOVANNI (https://giovanni.gsfc.nasa.gov/giovanni/). Despite the fact that GIOVANNI 
is heavily focused on atmospheric measurements, it has strong statistical and visualization tools that provide 
long-term data to the user. 
  


















HPC Capabilities ● ● ● ● ● ● 
Data Storage ● ● ● ● ● ● 
Preloaded Satellite Imagery ● ● ● ● ● ● 
Preloaded Algorithms ● ● ● ● ● ● 
Free to Access ● ● ● ● ● ● 
Access Subject to Project 
Approval 
● ● ● ● ● ● 
Requires Programming Skills to 
Use 
● ● ● ● ● ● 
Provide Own Visualization  
Tools 
● ● ● ● ● ● 
Supports paid Third-Party  
Visualization tools. 
● ● ● ● ● ● 
Provide ready-to-use products  
(e.g. NDVI) or algorithms 
● ● ● ● ● ● 
User can Upload Own Imagery ● ● ● ● ● ● 
User can upload/develop 
processing algorithms 
● ● ● ● ● ● 
Table 1: Comparison of available HPC resources for long-term mangrove monitoring. Symbol colour represent:  
Green = yes; Yellow = depends on the project; Red = no. 
 
Although it is not the aim of this review to provide an in-depth explanation of how these platforms work, 
here we briefly mention four clear advantages over traditional ways of processing geospatial information (for 
more information see e.g. Yang et al. (2017), (2013)): 
i. Scalability: these platforms are made to handle increasingly higher loads of data. The end user does 
not need to worry about expanding or upgrading memory, processors or storage because the service 
provider will do this as necessary.  
ii. Reliability, redundancy and maintenance: service providers have processing and storage facilities 
located around the globe: if one fails, there are a number of backups that ensure processing 
continues (redundancy) without losing data (reliability). Also, software and hardware maintenance 
reduces crashes or malfunctions on the platform, allowing for peak performance and better service.  
iii. Data sharing, discovery and exchange (collaboration): one single dataset can be used by several 
teams, agencies or organizations. Instead of making each research team acquire the information, it 
can easily be shared; this saves time and effort that can be invested in using the information. This 
applies not only to datasets but to algorithms and scripts. This is important because it makes methods 
reproducible by different groups.  
iv. Pay-as-you-go: paid services charge only by amount of data processed or the time spent using the 
resources. Considering that 184,500 Landsat images can be processed in eight hours (Mueller et al., 
2016) and some services are free-of-charge, these platforms are even more appealing. 
All this means that mangrove research can process virtually unlimited amounts of data, in shorter times, for 
free and without data or service loss. Potential uses of these resources include near real time monitoring of 
land cover changes, carbon stocks and others. 
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In summary, future mangrove research needs to embrace cloud-computing services. They not only provide 
data, storage, processing and algorithms, but also enable large-scale and long-term mangrove research in an 
efficient, cost-effective way. Giri et al. (2013b) and Wulder and Coops (2014) have motivated researchers to 
use these services, but one obstacle remains: the lack of programming skills. Without them, researchers 
depend on manually acquiring, correcting and processing imagery, thereby limiting the spatial and temporal 
extent of their studies as well as the depth of questions being addressed. Once image processing dealt with, 
researchers must analyse the data and, if done manually, results may be limited and superficial. Automating 
data analysis opens the door for continental and long term studies (see e.g. (Gill et al., 2017; Olofsson et al., 
2016; Vogelmann et al., 2016) 
 
4. The need for automation: challenges and opportunities 
The lack of adequate computing power is one of the main reasons cited as to why researchers are using few 
images, however this is changing (Giri, 2016; Wulder and Coops, 2014). We certainly agree with Giri (2016) 
and Granell et al. (2016) when they state that earth observation research needs to be taken to the next level. 
This means using cloud computing and ever-growing data repositories, using and re-using geospatial and 
environmental data products and, ultimately, harnessing the capabilities of platforms like AGDC and GEE. 
Technology enables researchers to allocate time to data analysis, rather than to processing by automatically 
doing the hard work.  
Labour-intensive, time-consuming tasks that require immediate action can be automated. Examples of this 
can be seen in stock trading (Teixeira and de Oliveira, 2010), face recognition (Jenkins and Burton, 2008) and 
other applications. This has also been done in earth observation applications. Researchers have been able to 
automate algorithms to achieve different ends. For instance, Kuleli et al. (2011) delineated shorelines of 
several Turkish wetlands, Barrett and Frazier (2016) linked reflectance to water quality values, while 
Selkowitz and Forster (2016) mapped permanent ice and snow cover over the western United States. These 
and many other studies automated the image pre-processing stages, cloud or water masking, index 
generation, thresholding and map creation, all of which are fairly straightforward but time-consuming. 
Despite these goals being achieved, there is room for improvement. Once an algorithm is developed, 
hundreds of images can automatically be downloaded and processed, greater areas can be analysed, and the 
process can be replicated in other ecosystems.   
In mangrove forests, few authors that have reported task automation. Some exceptions include Zhang et al. 
(2016), for instance, who automatically calculated four spectral indices (NDVIS, SAVI, EVI, NDMI) for more 
than 140 Landsat images through South Florida. Heenkenda et al. (2014) automated the image classification 
of aerial photographs and WorldView-2 imagery to distinguish mangrove species from other vegetation. 
Similarly, Giri and Muhlhausen (2008) used a semiautomatic technique to monitor mangrove changes in 
Madagascar. This shortage of examples is a reflection of the need for researchers to automate tasks if better 
and more complex questions are to be addressed in the near future. The use of automatic processing 
algorithms represents the biggest opportunity for mangrove research but, to use them, researchers need 
programming skills. 
 
4.1 Automation requires skills 
Environmental and remote sensing sciences need to leverage all technological advances, including 
programming (Vitolo et al., 2015). Programming has been deemed as an essential skill for the 21st century, 
just as important as reading or writing (Paul, 2016; Vee, 2013). However, the lack of programming skills is 
hampering our ability to answer complicated questions related to mangrove ecosystems. For example, we 
need to know more about mangrove phenology at the landscape scale, and how they respond to varying 
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nutrient, temperature and sea level changes. Satellites generate enough information to answer these 
questions, but to do this we need to automate as many tasks as possible.  
Automating image processing is on the rise and it can save 50-60% of the time spent on a project (Giri, 2016). 
The ability to sub-divide the acquisition, processing and analysis of remotely sensed data into smaller, simpler 
tasks that a computer can do should not require a software engineer (Paul, 2016; Wing, 2008). Scientists 
should be able to read and write code to make their work easier and faster. 
Researchers have been developing scripts in R, Matlab, Python and other programming languages for 
statistical analysis and to solve complex mathematical problems (Vitolo et al., 2015). Then why are so few 
studies undertaking long-term projects on the dynamics of mangrove ecosystems? Reasons may differ, but 
some that arise from this review are the potential lack of knowledge of available resources and a lack of 
programming skills. The latter is a gap that needs urgent attention.  
There are many reasons to acquire programming skills. Here we summarize some of the most important ones 
when related to mangrove research: 
i. Fully using available computing capabilities. Be it a desktop, laptop or supercomputer, researchers 
often use only a small part of the processing capabilities of their machines (e.g. for word processing, 
and some statistical analysis). Modern computers have resources that could be used more 
intensively. Instead of turning off the computer during weekends or nights, researchers could 
automate repetitive and analytical work and dedicate their working hours to interpretation and 
communication of their results. 
ii. Iteration over big datasets can be tedious or even impossible if done manually. Processing and 
analysing hundreds of images of the Landsat or ASTER archives could be done in days or weeks if 
automated and provide much needed information to scientists, land managers and policymakers. 
Considering that often data comes in different formats (e.g. images, reports, and social media) and 
is always growing, it becomes increasingly important to process it more efficiently. However, this is 
only achieved by task automation (or a very large workforce).  
iii. Computational thinking and problem-solving skills go hand in hand, and many argue that 
programming gives researchers the ability to dissect a big problem into smaller, simpler pieces (Paul, 
2016; Wing, 2008). Solving smaller problems is easier and faster than solving a single, more complex 
problem. Similarly, programming simple instructions is easier than creating complicated code.  
We also argue that scientists should be able to create their own scripts (i.e. pieces of code that automate a 
task) to understand what the script does and why it does it. If researchers blindly trust the code of another 
person (i.e. a “black box”), confidence in the results may be greatly diminished. Researchers need to 
understand, correct and adapt scripts to fit their purpose, as well as audit external code for two main reasons: 
1. Quality control prevents incorrect methods and results to be spread out, and entitles the 
researcher to make corrections. Petre and Wilson (2014) explored the benefits of the code reviewing 
process by involving professional software developers and scientists who had used their coding 
knowledge to solve a problem. The former reviewed the scripts of the latter. The authors found four 
main reasons for scientists to engage in code review practices, which are summarized in Figure 8. 
2. Data and computer scientists have the skills to automate tasks, process information and interpret 
results. Because putting information into an ecological context is only a fraction of the overall 
workload, mangrove scientists risk being left out. In other words, the smaller the contribution of 
mangrove scientists, the less they will be invited to collaborate in research. The Landsat and ASTER 
archives house more than 5 and 2.8 million images respectively (Abrams et al., 2015; Wulder et al., 
2016). Furthermore, with Sentinel 2A in orbit and Sentinel 2B expected to start operating in 2017, 
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there is the potential to access information up to nine times per month from medium and high spatial 
resolution sources. This does not include low spatial resolution sensors (e.g. MODIS), which are also 
freely available to users. This means that mangrove researchers need to update their skillsets or they 
risk becoming obsolete or irrelevant. Preventing this from happening is not easy, but it is simple: 
learn to code and share your code.   
 
Figure 8: Main Reasons for Code Review according to Petre and Wilson (2014) 
 
Reasons to acquire programming skills are varied (Ayer et al., 2014; Joppa et al., 2013; Trucano, 2015; Yang 
et al., 2013), but our aim is to encourage researchers to get skilled. Skilled researches may not only find that 
it is faster to automate a solution to a problem, than doing so manually. They may also find that they are 
more sought after for collaborations and advice. Automating tasks will make mangrove research faster, more 
accessible and reachable which, in turn, will attract more people into the sciences.  
In summary, data resources are available for free and are collected every day, and there is no shortage of 
processing facilities. The link between mangrove ecosystems, data acquisition and processing is coding. The 
implications of coding for mangrove science are numerous: i) ability to address new, more complex, 
questions via the use of imagery, climate and other spatial datasets; ii) highly skilled researchers who can 
automate tasks and analyse information; iii) near-real-time data processing; iv) better information for 
mangrove management and conservation; and most importantly v) scripts that are peer reviewed to ensure 
the quality of the methods and results is preserved. 
 
5. The way forward  
This review has focused on the challenges faced by mangrove research. Although the average study used 2.8 
images 7-11 years apart before 2009, mangrove research is slowly changing in favour of using hundreds of 
images and looking at the long-term dynamics of mangrove ecosystems.  
With a predicted 2% loss of mangrove forests per year (Chen et al., 2013) this change of direction is 
welcomed. It is safe to say that mapping the extent of these ecosystems no longer is the ultimate goal. Rather, 
integrating imagery and climate data is beginning to gain speed and popularity. Despite this, more work is 
needed to gain a greater understanding of how mangroves respond to environmental changes, especially sea 
level rise (Ward et al., 2016). 
Tidal and hydrological regimes play a critical role in these ecosystems (Lewis III et al., 2016). To understand 
how they interact with mangrove forests, the information in the Landsat and ASTER archives need to be 
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exploited. This high temporal resolution data is needed to assess long-term changes in the ecosystem. 
Furthermore, long-term monitoring could aid in diagnosing, and potentially preventing, massive mangrove 
dieback such as the events in Australia in 2016 (JCU, 2016). 
Long-term monitoring of mangrove forests can only be achieved by processing large datasets, and having 
special infrastructure is no longer a sine qua non condition. This can now be achieved by using free (e.g. 
AGDC, NEX, GEE) or paid services (i.e. AWS, MA). These services will help make the change from local to 
global mangrove monitoring (Giri et al., 2011; Wulder and Coops, 2014), but it also imply the need for 
researchers to acquire programming skills.  
More scientists need to acquire these skills, not only for automation purposes, but to audit scripts, workflows 
and results (Joppa et al., 2013). This is especially true for new and early career scientists who have grown 
with technology and are very comfortable with computers, internet and myriad software and hardware 
platforms. Researchers need not be expert programmers, but “virtual segregation” in research is a reality 
that should be overcome (Paul, 2016). With freely available ever-growing datasets, processing power and 
programming skills become a need rather than a luxury. While not every researcher will choose this path, it 
is in my opinion that the path that will become the rule, rather than the exception.  
Finally, these skills and resources will transform data into information for management, and public 
awareness. But more importantly, they will help to avoid researcher obsolescence.  
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Table 2 summary of studies published since the year 2000 
Year Reference Sensor(s) 
Images 
used Year(s) of image(s) used 
2001 Kovacs et al. (2001)  Landsat TM 3 1986, 1993, 1999 
Loneragan et al. (2001)  Landsat TM 1 1994 
2002 Sulong et al. (2002) Landsat TM 1 1994 
Vasconcelos et al. (2002) Landsat TM 1 1998 
2003 Ruiz-Luna and Berlanga-Robles (2003)  Landsat MSS / TM 4 1973, 1986, 1992, 1997 
Saito et al. (2003)  SPOT-4, ASTER 2 1999, 2000 
2004 Krause et al. (2004)  ASTER, Landsat TM / ETM 4 1988, 1991, 1999, 2001 
2005 Cornejo et al. (2005)  Landsat MSS / ETM 4 1973, 1986, 1992, 2000 
Manson et al. (2005)   Landsat TM 2 1986, 1997 
2006 Béland et al. (2006)   Landsat TM / ETM 3 1986, 1992, 2001 
Emch and Peterson (2006)    Landsat TM / ETM 2 1989, 2000 
Jean-Baptiste and Jensen (2006) ASTER 1 2005 
2007 Baghdadi and Oliveros (2007)  ASTER 1 2004 
Giri et al. (2007)   Landsat MSS /TM / ETM 8 1977, 1989, 2000 
Habshi et al. (2007)  ASTER 3 2002 
Harper et al. (2007) * Landsat MSS /TM / ETM 8 1972-1979, 1989-1996, 1999-2001 
James et al. (2007)   Landsat TM / ETM 6 1986, 1987, 2002, 2003 
Jupiter et al. (2007)  Landsat ETM 1 2000 
2008 Giri and Muhlhausen (2008) ** ASTER, Landsat MSS / TM / ETM 82 1973-1983, 1989-1993, 1997-2000, 2005 
Liu et al. (2008)  Landsat TM 3 1995, 1998, 2002 
Paling et al. (2008)  Landsat TM 3 1999, 2002, 2004 
Phua et al. (2008)  Landsat MSS / TM 3 1973, 1991, 1996 
2009 Ferreira et al. (2009)  Landsat TM 2 1995, 2005 
Lee and Yeh (2009)   SPOT-4, Landsat TM 2 1995 
2010 Akumu et al. (2010)  ASTER, Landsat TM / ETM 3  1989, 2001, 2003 
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Eslami-Andargoli et al. (2010) Landsat MSS / TM 3 1972, 1990, 2004 
2011 Alatorre et al. (2011)   Landsat ETM 4 2004 
Bhattarai and Giri (2011) ** Global Land Survey 128 2000 
Giri et al. (2011) */** Global Land Survey 1000 2000 
Long and Giri (2011)  Global Land Survey 61 1991-1993, 1999-2005 
2012 França et al. (2012)  Landsat TM 1 2010 
Kumar et al. (2012)  Landsat TM / ETM, Resourcesat 1 3 1991, 2000, 2006 
Raha et al. (2012)  Landsat MSS 2 1975, 1989 
2013 Chen et al. (2013)  Landsat TM / ETM / OLI 4 1985, 1996, 2002, 2013 
Eslami‐Andargoli et al. (2013) Landsat MSS / TM / ETM 3 1972, 1990, 2004 
Kirui et al. (2013) */** Landsat MSS / TM 8 1984, 1985, 1990, 1992, 2000, 2002, 2008, 2010 
Li et al. (2013)  Landsat MSS / TM / ETM 70 1973-1978, 1986-1990, 1992-1996, 1998, 2000 - 2012 
Zhang and Tian (2013)  Landsat TM 2 2006 
2014 Jia et al. (2014) Landsat TM / ETM 25 2008 - 2010 
2015 Abdul Aziz et al. (2015)  Landsat TM / ETM / OLI 6 1988, 1995, 1999, 2001, 2009, 2013 
Aziz et al. (2015)  Landsat MSS / TM / ETM / OLI 9 1978, 1988, 1989, 1995, 1999, 2001, 2009, 2013, 2014 
Dutta et al. (2015) */**  Landsat OLI 6 
 
Giri et al. (2015) * Global Land Survey, Landsat MSS / TM 
 
10 1973, 1975, 1990, 1997, 2000, 2001, 2006, 2010   
Ibharim et al. (2015)   Landsat TM / ETM 2 1993, 1999 
Jones et al. (2015)  Landsat TM 1 2011 
Kamal et al. (2015)  Landsat TM 2 2009, 2011 
Kanniah et al. (2015) * Landsat TM / ETM / OLI 7 1989, 2000, 2005, 2007, 2009, 2013, 2014 
Lagomasino et al. (2015) ** Landsat TM 16 1993-2009 
Pastor-Guzman et al. (2015) ** Landsat OLI 6 2013, 2014 
2016 Asbridge et al. (2016) ** Landsat TM / ETM / OLI 85 1987-2014 
Hossain et al. (2016)   Landsat ETM / OLI 2 2013, 2014 
Jones et al. (2016)  Landsat TM / ETM / OLI 5 2010, 2011, 2014 
Nardin et al. (2016)  Landsat TM / ETM / OLI 158 1989, 1990, 1993 - 2014 
Son et al. (2016)  Landsat TM / ETM / OLI 5 1989, 1996, 2009, 2003, 2014 
Zhang et al. (2016) ** Landsat TM / ETM / OLI 150 1985 - 2011 
* Number of images not explicitly reported. **Years of images not explicitly reported. 
 
 
